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Multi-Task Human Image Analysis

Multi-task network provides a rich explanation of person-body
images, including attributes, pose, part masks, and identity

young man
white shirt pants

inference




Multi-Task Human Image Analysis

‘ Practical setting ‘

Multi-task networks are trained across datasets and each dataset
does not necessarily have exhaustive annotations for all tasks
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Task Conflict

‘ Multi-task learning can encounter task conflicts ‘

v' |dentity-variance vs. identity-invariance
Attribute recognition vs. Pose estimation

v’ Pose-variance vs. Pose invariance

Pose estimation vs. Person re-identification
v ..



Task Conflict

‘ Multi-task learning can encounter task conflicts ‘

 Our goalisto train a unified model that solves multiple
human-related tasks while avoiding the task conflict

better accuracy-efficiency trade-off



Gradient Split

‘Asymmetric Inter-task relation definition

single-task network relation B> A
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Gradient Split

‘Asymmetric Inter-task relation definition

Relative Performance Change On

Attribute RelD Pose Parsing
= Attribute — -2.16% -1.47% -9.87%
ReID  -2.05% — 136% | -16.22% Threshold: -0.01

Pose -0.77% -0.86% — 0.00%
Parsing -0.91% -0.97% 0.11% —

Trained With




Gradient Split

‘Asymmetric Inter-task relation definition

Performance On
Attribute ReID Pose Parsing
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Gradient Split

‘Framework ‘

forward pass 1 Gradient propagation
4 ) e 6 6\ 4 ) task 1
17) task t | .
Conv Ci : Conv |
— — |m;.=|1 — —_—
By BN X\+¢l / 1 77 task T
k J \ Co ) relation mask (Eqn. 2) - )
task t input shared backbone head networks

Multi-head framework for multi-task learning



Gradient Split

‘Framework ‘

forward pass
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shared backbone

1

1
relation mask (Eqn. 2)

task t input

Gradient propagation
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head networks

Gradient split is only conducted during the backward process

No extra forward cost and No network change



Gradient Split

‘Inter-task Relationship based Gradient Update ‘

forward pass 1 Gradient propagation

(" ) 4 ) task 1

1 task t
Conv : Conv
m.t =11

1 task T

\ J relation mask (Eqn. 2) - )

task t input bone head networks

We divide parameters of shared backbone into T groups for T tasks



Gradient Split

‘Inter-task Relationship based Gradient Update ‘

forward pass Gradient propagation

N\ 4 0, o aﬁ )
.k |
Conv Ciﬁﬁ . : Conv |
t=]1 .
o i

w \____
\—/ \ Co J relation mask (Eqn. 2)

task t input shared backbone head networks

GradSplit updates parameter 8; using the gradients from only a
subset of tasks {t’}, where the relationship task t' — t is not
negative, while discarding gradients from the other tasks.



Gradient Split

‘Inter-task Relationship based Gradient Update ‘

task t input

for remove
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Co J relation mask (Eqn. 2)

shared backbone

Gradient propagation

1
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task 1

taskt |
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head networks

GradSplit updates parameter 8; using the gradients from only a
subset of tasks {t’}, where the relationship task t' — t is not
negative, while discarding gradients from the other tasks.



Experiment: Four-Task Analysis

ReID Attribute Pose Parsing A,, #Param #FLOPs
M G

mAP (1) MA () Mean () mloU () (P M+ (O

Single-task Networks ResNet-50-GN  81.1 78.0 88.2 456 +0.0 123 41

Methods Backbone

(Upperbound) ResNet-50-BN  83.0 78.3 88.4 45.4 — 123 41
Single-task Networks ResNet-18-GN 749 76.9 87.0 42.4 — 63 24
(Baseline) ResNet-18-BN  74.2 74.2 87.4 41.9 — 63 24
RCM [15] 54.9 68.1 69.0 36.1 -21.9 141 80
SFG [2] 64.4 73.9 71.8 348 -17.0 52 20
GradNorm [4] ResNet-5S0-GN 561 777 684 285 231 52 18
MTAN [21] 42.7 77.4 86.0 419 -147 75 40
ASTMT [26] ResNet-50-TBN* 50.6 78.9 87.0 436 -106 82 42

ResNet-50-BN  63.2 76.3 78.9 39.8 -119 52 18
Multi-head Baseline ResNet-50-TBN*  78.1 77.2 86.8 41.8 -37 52 41
ResNet-50-GN 793 76.4 86.1 4277 -33 52 18

GradSplit (Ours) ResNet-50-GN  80.1 77.8 86.4 439 -1.8 52 18




Experiment: Four-Task Analysis

ReID Attribute Pose Parsing A,, #Param #FLOPs
M G

mAP (1) MA () Mean () mloU () (P M+ (O

Single-task Networks ResNet-50-GN  81.1 78.0 88.2 456 +0.0 123 41

Methods Backbone

(Upperbound) ResNet-50-BN  83.0 78.3 88.4 45.4 — 123 41
Single-task Networks ResNet-18-GN 749 76.9 87.0 42.4 — 63 24
(Baseline) ResNet-18-BN  74.2 74.2 87.4 41.9 — 63 24

GradSplit achieves a better accuracy-effmency trade-off
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MTAN [21] 42.7 774 86.0 419 -14.7 75 40
ASTMT [26] ResNet-50-TBN*  50.6 78.9 87.0 43.6 -10.6 82 42

ResNet-50-BN  63.2 76.3 78.9 39.8 -119 52 18
Multi-head Baseline ResNet-50-TBN*  78.1 77.2 86.8 41.8 -37 52 41
ResNet-50-GN 793 76.4 86.1 4277 -33 52 18

GradSplit (Ours) ResNet-50-GN  80.1 77.8 86.4 439 -1.8 52 18




Experiment: Three-Task Analysis

‘Pose + Attribute + RelD ‘

Attribute RelD  Pose A,, #Param
M

MA (1) mAP (f)Mean () (P VD4

R50-GN 78.0 81.1 88.2 +0.0 &5

Methods Backbone

Single-task

R18-GN 76.9 74.9 87.0 — 39
Cross-stitch [27] R18-GN 76.3 72.7 86.8 -4.7 38 Gradspllt is more effective
NDDR [10] 76.1 69.3 86.8 -6.2 42 than other methods
GradNorm [4] 74.0 54.5 85.1 -13.8 38
MTAN [21] RO-GN 774 500 855 -140 38
Multi-head R50-GN 75.9 76.5 86.3 -3.5 38

GradSplit 77.6 80.2 86.3 -1.3 38




Experiment: Large Capacity Backbone

Methods Backbone Aitr RelD Pose Parsing A, #lzal\fgm

MA mAPMean mloU M

Single-task R50-GN 78.0 81.1 88.2 45.6 +0.0 123

GradSplit outperforms the
Single-task networks

Task-specific L4  R50-L4 76.8 78.2 86.4 43.5 -29 96

DropGrad (p=0.50) 77.980.2 864 422 -277 72
Multi-head R50-GN+77.1 80.4 87.8 469 +0.1 72
GradSplit 78.281.6 87.9 474 +1.1 72

GradSplit achieves the
best accuracy-efficiency
trade-off




Experiment: Which Layer?

Pose Attribute RelD Parsing
Mean MA  Rank-1 mAP mloU Last Layer is best choice
Multi-head Basel. 849  75.5 86.2 64.7 38.0

Layer 4 854 71.1 89.2 714 39.1 Different tasks might share
Layer 3-4 85.0 77.1 88.0 68.0 38.3 the common features in
Layer 2-4 852 77.0 874 67.6 38.0
Layer 1-4 84.6 77.0 87.6 669 36.6

Methods

GradSplit

previous layers




Experiment: Random Drop?

Methods Pose Attribute RelD Parsing

Mean MA Rank-1 mAP mloU
Multi-head Basel. 84.9 75.5 86.2 64.7 38.0

Layer 4 854 771 89.2 714 39.1 Randomly drop gradients
Layer 3-4 85.0 77.1 88.0 68.0 38.3 does not help
Layer 2-4 85.2 77.0 874 67.6 38.0
Layer 1-4 84.6 717.0 87.6 669 36.6

DropGrad (p=0.50) 81.5 74.0 85.8 643 363
DropGrad (p=0.75) 81.5 739 85.3 63.7 36.8

GradSplit
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